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Abstract 
 
An online question answering (QA) portal provides 
users a way to socialize and help each other to solve 
problems. The majority of the online question answer 
systems use user-feedback to rank users’ answers. This 
way of ranking is inefficient as it involves ongoing 
efforts by the users and is subjective. Currently 
researchers have utilized link analysis of user 
interactions for this task. However, this is not accurate 
in some circumstances. A detailed structural analysis 
of an online QA portal is conducted in this paper. A 
novel approach based on users’ reputation reflecting 
the usage patterns is proposed to rank and recommend 
the user answers. The method is compared with a 
popular link topology analysis method, HITS. The 
result of the proposed method is promising.  
 
1. Introduction 
 
The World Wide Web is a medium for people to 
share information. The Web has become more popular 
and useful with the advent of online collaboration 
tools. People use collaborative tools such as Web 
blogs/forums, emails and instant messaging to 
establish and maintain friendships, relationships and 
social communities. This phenomenon on the Internet 
has broadened the area of study of social network 
analysis. Social network analysis is no longer just 
about the study of social entities and their interactions 
and relationship in daily life [12]. It now also applies 
to the web communities that are virtual reality.  
One such social network is the Question Answer 
(QA) portal. In a question answer portal, a user asks a 
question and other users provide answers. Generally, 
the question is answered by many users. It becomes 
overwhelming for the user to read all answers. There 
exists a need of the mechanism to rank the answers so 
users can read the quality answers only.  The majority 
of the online QA systems use user-feedback to rank 
users’ answers. The user who posts the question can 
decide the best answer or the users who didn’t answer 
to the question can be allowed to vote for the best 
answer. However, ranking the best answer via this 
collaborative method is time consuming and requires 
continuous involvement of users providing feedback. 
This paper proposes an approach to rank the answers 
for a posted question automatically. 
One of the most popular QA portals, Yahoo! 
Answer (http://answers.yahoo.com/), is chosen to study 
in this paper. It contained about 7 million questions 
and 65 million answers in Nov 2006. A user expertise 
is reflected by the points that s/he has accumulated 
over the use of the portal. A user in Yahoo! Answer 
scores points from (1) logging into the Yahoo! Answer 
system, (2) providing an answer to a question and (3) 
voting for the best answer. The bonus pints are 
received for providing the best answer to a question. A 
user looses points for asking a question. A user with 
the highest point is considered the top contributor (or 
equivalent to an expert) among the answerers to a 
question. To decide the best answer to a question, the 
system also requires users’ feedback. 
A previous work [9] attempts to use link analysis, 
conducted with the HITS algorithm to rank the answers 
provided by portal users. Previous usage of the HITS 
algorithm [2] indicates that this algorithm may not 
work when there is a severe spam problem or a set of 
documents on one host pointing to a single document 
on a second host. Both these conditions are true in the 
case of Yahoo! Answer. Since users are driven by 
points due to the set up of Yahoo! Answer, there is a 
high chance of spam.  
    The proposed work overcomes the abovementioned 
shortcomings by including the expertise of the author 
of the answer. We conducted the structural analysis of 
Yahoo! Answer using the bow tie structure and degree 
centrality analysis. It shows that the bow tie structure 
of Yahoo! Answer is highly skewed, and the standard 
Web link analysis methods such as HITS can not be 
applied. We propose a method to score the answer 
authors’ expertise based on answer authors’ reputation. 
It includes (1) a local score for identifying the expertise 
in the category level and (2) a global score for 
2008 IEEE/WIC/ACM International Conference on Web Intelligence and Intelligent Agent Technology
978-0-7695-3496-1/08 $25.00 © 2008 IEEE
DOI 10.1109/WIIAT.2008.12
1304
identifying the expertise across all the categories. The 
results are promising and outperform HITS. 
 
2. Related work 
 
Approaches to decide the quality of answers can be 
classified into three types based on: (1) Information 
Retrieval and Natural Language Processing techniques 
[3]; (2) Link Analysis which includes HITS and 
PageRank types of analysis [8] [9]; and (3) statistical 
analysis [5]. 
 The first approach, which relies on Information 
Retrieval and Natural Language Processing, has been 
tested in TREC (http://trec.nist.gov/overview.html) 
mostly for closed domains, that is, for specific domains 
only such as medical or for a limited type of questions 
only such as descriptive questions.  The problem with 
the current QA systems is that they suffer from low 
recall. The answer to a question is also limited to pre-
defined categories [3].  
      Recently Link Analysis has become popular for 
open domain questions. The HITS algorithm [9] 
separates users into Hub and Authority groups. A Hub 
is a collection of users who ask questions. An 
Authority is a collection of users who answer 
questions. Hub and Authority values are recursive and 
finally converge after several iterations.  PageRank [8] 
is a similar approach to the HITS algorithm. In the QA 
context, the score of each user depends on the number 
of users that this user helps. The higher score that a 
user receives, the expertise of the user becomes higher. 
Link analysis works well if users in a QA system 
behave properly, however, actions such as answering 
as many questions as one can without worrying about 
the quality of the answers is common. It is reported 
that 1/3 of the answers given have some sort of quality 
problems and 1/10 of the answers given are bad [5]. 
    Approaches based on statistical analysis [5, 8] use 
non-textual features such as answer’s relevance, 
informativeness, objectiveness, sincereness, readability 
and asking and replying patterns. In [8], the 
assumption is that the more answers that a user 
provides in comparison to the number of questions 
asked, the higher is their expertise and vice-versa. This 
fact in Yahho! Answer, however, leads users to 
spamming since a user in Yahoo! Answer is rewarded 
whenever he answers a question. In [5], a feature 
vector is generated for each answer recording the 
answer acceptance ratio, answer length, question’s self 
evaluations, answer’s activity level, answerer’s 
category specialty, etc. One shortcoming of this 
approach is that the quality judgment score should be 
obtained manually. Also, a great number of these 
features are hard to collect in QA systems and the 
analysis of features is time-consuming. 
 
3. Analysis of Yahoo! Answer  
 
3.1. The Bow tie structure analysis 
 
The Bow tie structure helps to explain the dynamic 
behavior of the Web and helps to understand the 
structure [1]. It has four distinct components: Core, In, 
Out, and Others (Tendrils and Tubes). We use the same 
structure to understand the behavior of Yahoo! 
Answer. The core is made of the users who frequently 
participate by asking and answering questions. The 
“In” is made of users who always ask questions. The 
“Out” is made of the users who predominately answer 
questions. The “Tendrils” or “Tubes” attaches to either 
the “In” or the “Out” components or both. 
      Figure 1 and Table 1 compare the bow tie structure 
of Yahoo! Answer with the Web. Tarjan’s strongly 
connected components algorithm [11] is used for 
calculating the “Core” part. It shows that Yahoo! 
Answer is highly unbalanced. There are more users 
willingly to participate by answering questions than 
asking questions.  
 
 
Figure 1.  Bow tie for Web and Yahoo! Answer. 
 
Table1. Bow tie comparison. 
 Core In Out Tendils, Tubes, 
Disconnecte 
Web 27.7% 21.2% 21.2% 29.9% 
Yahoo! 
Answer 
43.21% 0.01% 31.52% 25.26% 
 
3.2. Degree centrality 
 
The degree centrality measures the activity and the 
participation of an actor in the network [4]. In the case 
of a relationship that considers the direction of the link, 
two indexes are defined: indegree and outdegree. 
Indegree is the number of links terminating at the node. 
In the Yahoo! Answer portal case, it refers to the 
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number of questions a user has asked. Outdegree is the 
number of links originating from the node. It refers to 
the number of questions that a user has answered. 
Figure 2 illustrates that the indegree and outdegree 
follow the power law. Only a small number of users 
ask large number of questions. Most of the users ask 
one or two questions. A few numbers of users ask ten 
or more questions. The same behavior is reflected from 
the users in answering questions.  
 
Figure 2. Indegree and Outdegree. 
 
3.3. Possibility of Spamming 
 
    The way Yahoo! Answer awards points to its users 
there is a possibility of spamming that will influence 
the quality of questions and answers. Some bad 
questions and answers appear frequently. 
Unfortunately, bad questions attract a number of users 
to answering them simply for points. Bad questions 
like “I got killed yesterday”, “I love life” and “How did 
you find who you are” get 7, 2 and 17 answers 
respectively.  
    According to the HITS link analysis, the more 
answers a question gets, the better hub this question 
asker is. The more questions a user answers, the higher 
the authority of the user becomes. However, the 
spamming cases mentioned above often occur. 
Therefore, methods simply depending on links, number 
of questions and the number of answers can not work. 
 
3.4. A hierarchical classification structure for 
Questions 
 
    Yahoo! Answer follows a hierarchical structure to 
place a question into. The top-level of the hierarchy 
has 25 categories in which a question can possibly be 
asked. There are sub-categories under each major 
category. It is observed that a majority of users prefer 
to answer questions in certain categories only. A “Top-
contributor” often focuses the majority of their 
contributions into one category.  The users’ expertises 
are limited to certain categories. When deciding the 
best answer to a question, consideration should be 
given to the users’ expertise in the category in which 
the question is asked. 
 
4. Expertise Analysis 
 
4.1 Reputation based expertise score 
 
    Reputation is the opinion (more technically, a social 
evaluation) of the public toward a person, a group of 
people, or an organization. Expertise consists of the 
characteristics, skills and knowledge of a person or of a 
system that distinguish experts from novices and less 
experienced people. Currently in the Yahoo! Answer 
system, askers or voters provide feedback to those who 
offered answers to questions. To a great extent, this 
feedback serves as useful information in deciding 
users’ reputation and expertise. 
    We propose to measure the user reputations based 
on the number of answer(s) and the number of best 
answer(s) s/he has given. A user will receive a high 
reputation if s/he has answered many questions and 
many of his answers are chosen as the best answer. 
Conversely, a user will receive low reputation because 
of the infrequent participation in responding questions. 
Users’ expertise levels are decided by the confidence 
of the users’ in responding good quality answers. The 
confidence of a user is determined by the ratio of the 
number of the best answer(s) to the number of total 
answer(s). High confidence or expertise of a user refers 
to high ratio of the number of the best answer(s) to the 
number of answer(s) that the user has responded. 
     It is noticed that users tend to be more interested in 
participating one or a handful of certain categories 
rather than participating in all categories. An analysis 
of a subset of data collected from Yahoo! Answer 
(Table 2) also indicates that only 2.6% of users 
participate in all three categories. Users’ reputation and 
expertise level are different in the different category 
contexts. Since questions must be asked under a certain 
category, the local expertise scores which represent the 
users’ score in a certain category should be the first 
consideration for deciding the expertise of users in a 
category. A global score that indicates the users overall 
rank amongst all the users across all the categories 
should also be considered.  
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4.1.1. Local Expertise Score. Local score measures a 
user’s (i.e., answer author) expertise in a certain 
category. When a question is asked, the proposed 
method looks for the category in which the question is 
being posted and finds out the expertise of all the users 
who answered the question from the database that 
stores the users expertise scores of category. The 
proposed method is able to suggest to the question 
asker the answer which is provided by the user with the 
highest expertise score among all the other users who 
answered this question. 
     Let C denotes all the categories in Yahoo! Answer.  
Cci ∈∀  where i=1 to the number of total category. 
Let U denotes all the answer authors in Yahoo! 
Answer. UUi ∈∀ where i=1 to the number of 
category. iU is number of answer authors in the 
category i. Let iij Uu ∈∀ where j=1 to the number of 
total answer authors in the i category. iju is an answer 
author under the i category. The expertise score of 
answer author j in i category is as calculated as: 
 
      ))()(()()( 21 ijijijij ugwufwuconuE +×=          (1) 
Where )( ijucon is the confidence score of iju  
calculated as: 
                            
m
nucon ij =)(                               (2) 
Where n is the number of best answers that iju is given 
in category i. m is the number of answers that 
iju provides in category i. 1w and 2w  are the 
weighting scores. 121 =+ ww . )( ijuf  is the 
participation function to get participation score of iju . 
)( ijug  is the best answer function to get the best 
answer score of iju . Both participation score and best 
answer score range from 0 to 1. The local expertise 
score ranges from 0 to 1. 0 indicates that user is a new 
answer author and 1 indicates that the user is an expert. 
Both the participation and best answer functions are 
determined as: 
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                              (3) 
Where x is the number of answer(s) provided by the 
answer author iju in the case of participation function 
)( ijuf  and x is the number of best answer(s) provided 
by the answer author iju in the case of best answer 
function )( ijug .  
σ is the variation of the number of answer or the 
number of the best answer in a category. Let x be the 
average of the number of answers or the number of the 
best answers in the category i.  Let ijx be the number 
of answers that answer author iju provide in the 
category i in the case of participation function )( ijuf . 
Let ijx be the number of best answers that answer 
author iju provide in the category i in the case of best 
answer function )( ijug . Let t be the total number of 
unique answer authors in the category i. 
 
                      
t
xxij
2)( −
=σ                                  (4) 
µ is the threshold value above which the participation 
and best answer functions begin to score 0.5. It cannot 
just be the average number of answers or best answers 
provided by answer author in a given category. As the 
majority of answer authors provide very few number of 
answers/best answers only. Thus the average value 
makes the threshold too low. To determine µ for a 
category, we determine the highest total number of 
answers or best answers an answer author can have in 
the category and still be included in the lowest 99.8% 
of users (thus only 0.2% of users have a higher total 
number of answers). µ is the total number of answers 
divided by two and rounded down to the nearest whole 
integer.  
    The participation and best answer functions are 
included to reflect the usual behavior of users in online 
QA system. Figure 3 shows the participation behavior 
of users in the category of “Art and Humanity” in 
Yahoo! Answer. Other categories in Yahoo! Answer 
show the similar usage pattern as Figure 3. The 
relationship between the number of answer authors and 
the number of best answer also follows the similar 
pattern as Figure 3. Figure 3 reveals that more than 
10000 users out of 24804 answer authors in the current 
Yahoo! Answer system only offered one answer in the 
“Arts and Humanity” category. A very small number 
of users offered answers to more than 10 questions.   
This usage patterns indicate that users whose total 
answers and best answers in a category are below a 
threshold should be offered little reward. The users, 
who answered questions exceeding a threshold, should 
receive higher rewards. The expected score distribution 
for the participation and best answer functions should 
be that only a few active users get very high score. 
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Majority of users who are not highly active get a low 
score. The threshold value of µ in the participation and 
best answer functions accounts for this phenomenon. 
The usage pattern also indicates that there is a variation 
in usage among highly active users (0.2%). For 
example, there is an answer author who provides 831 
answers and the next higher user provides 1603 
answers. There is no other answer author providing a 
total number of answers between 831 and 1603 and 
there is big gap between two numbers. To distinguish 
among heavy users (answers) the variation factor σ is 
included in the participation and best answers 
functions. 
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Figure 3. Distribution of user answer questions in 
arts & humanity category. 
     
4.1.2 Global Expertise Score. Global score is to 
measure the overall expertise of all the answer authors 
across all the categories. If the user is new to the 
category, there is no local score for this new user. In 
this situation, global score is needed. The global score 
calculation follows the same fashion as the calculation 
of local score (1) and (2). 
    To calculate the expertise of answer author across all 
the categories, it is necessary to know ratio of the 
number of best answer to the number of answers of the 
user across the all categories. 1w and 2w  are global 
score’s weights in this case.  The participation function 
and the best answer function should take the answer 
author’s information across all the categories into the 
consideration instead of the answer author’s 
information in a particular category.  
 
5. Experimentation & Results   
 
5.1 Experiment Design 
 
    Data is obtained using the Yahoo! Answers Web 
Service (http://developer.yahoo.com/answers/). The 
data is from three top level categories: “Arts & 
Humanities”, “Science & Mathematics”, and “Sports”. 
Each question page contains the information about 
question id, asker id, time when question is asked, the 
answer author’s id, the time when the author answers 
question, the chosen best answer id and the 
corresponding score which ranges from 1 to 5, the 
question content and the answer(s) content. Up to 1000 
closed (or resolved) question pages were retrieved for 
each leaf category in the hierarchy. Some of the leaf 
categories have less than 1000 questions; therefore, all 
of what was available was retrieved. Table 2 shows the 
dataset statistics collected from Yahoo! Answer. There 
are some users who answer questions across multiple 
categories, that is why users in the individual category 
do not add up to the total number of users  
    The reason for choosing these three categories is to 
compare our results with the results achieved in [9]. 
We compare the proposed method with the HITS 
algorithm applied to Yahoo! Answer in [9] that is one 
of the most popular methods for analyzing the 
expertise of the user. The expertise of answer author in 
HITS is decided by the authority, that is, the number of 
questions answered by an author. In our experiments, 
all the hub values are initialized to 0 and all the 
authority values to 1. We then run 20 iterations of the 
HITS algorithm to make the hub and authority values 
stable. After each iteration the hub/authority values are 
normalized by dividing each hub/authority score by the 
maximum/largest hub/authority score obtained for that 
iteration.  
Table 2. Yahoo Answer dataset statistics. 
 
5.2 Expertise score evaluation 
 
     To evaluate the expertise score, two methods are 
used. The first method aims to compare the trends of 
different expertise scores. The expected trend graph 
should show the power law distribution, i.e., only a 
very few users should get a high expertise score and a 
large number of users should get a low expertise score. 
The second method is used to compare the top-k user’s 
similarity between the proposed method, HITS [9] and 
the baseline method (that is users’ manual ranking 
obtained by Yahoo! Answer). This would reveal the 
accuracy of expertise score determined by the proposed 
method. 
Category Questions Answers Users Answers 
Per 
Question 
Arts & 
Humanity 
13,683 59,517 34,887 4.35 
Science 16,337 83,939 43,812 5.14 
Sports 50,882 357,102 109,945 7.02 
Total 80902 500,558 158,079 6.19 
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    Trend comparisons are conducted as in follows. The 
global expertise score, the local scores for the 3 
categories, the HITS score and the baseline scores are 
binned into 11 categories. The 11 bins are 0, 0-0.1, and 
0.1-0.2 and so on. For the baseline, based on the 
number of answers the bins are 0, 1-50 answers 
(corresponding to a score of 0-0.1) etc, with the last bin 
respectively 451 answers and above. For the number of 
best answer baseline the bins are 0 best answers, 1-35 
best answers (corresponding to a score of 0-0.1) etc, 
with the last bin representing 316-350 best answers. 
The global score is added to compare with the HITS 
score as the HITS score are calculated based on all 
categories as the global score. 
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Figure 4. Trend comparisons for bins 0-0.4. 
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Figure 5. Trend comparisons for bins 0.4-1. 
Figures 4 and 5 show the scores gained by the 
proposed method, HITS, and the baseline scores 
(number of answers and number of best answers). 
These graphs reveal that the global/ local expertise and 
baseline scores follow the power law. However, HITS 
scores do not follow the power law. There is increasing 
trend for the first two bins (0 and 0-0.1). The HITS 
scores then decrease after this initial spike. The graph 
shows that the global expertise score and number of 
answers baseline are similar for all bins from 0-0.1 to 
0.7-0.8. HITS and the Number of best answers baseline 
are also similar for the lower bins (mainly 0-0.1 to 0.3-
0.4). After which the HITS scores drop off and high 
scores are assigned to very few users. HITS assigns a 
score of 0 to noticeably fewer users in comparison to 
the best answer baseline. It shows that HITS rewards 
users who have provided answers but lack to provide 
best answers. Most of these users end up with a score 
in the 0-0.1 bin. The graph also shows that many users 
only provide a small number of answers (and therefore 
can only achieve a small number of best answers) and 
thus often will have a lower score. Only a small 
number of users participate enough to amass a large 
number of answers (and potentially a large number of 
best answers). In conclusion, the scores determined by 
the proposed method do follow the expected power law 
distribution. However, the scores gained by automatic 
methods are yet to evaluate against the human 
judgement. 
    The second set of experiments are conducted to 
compare (1) correlation between human rated ranking 
of answer authors and HITS, and (2) the correlation 
between human ranking and proposed expertise scores. 
    Three sets of experiments are conducted. In the first 
sets of experiment, top-6 answer authors are retrieved 
from Global Expertise score, Local Expertise scores 
for 3 categories and HITS. For each next set of 
experiments, the numbers of top answer authors are 
increased by 6, resulting in top-12, and top-18. For 
each answer author in all the three sets of experiments, 
50 questions that are answered by the answer author 
are randomly retrieved. Manual rating involves 
choosing the best answer manually for all the 
questions. The answer authors are then ranked based 
on the number of best answers they provided. The user 
receives the higher ranking if s/he has provided the 
large number of best answers - higher the ranking 
when larger the number of best answers given. 
    The ranking of users based on the global expertise 
score, local expertise score for 3 categories, HITS are 
evaluated. Two most common methods to compare the 
correlation of rankings [8], Kendall’s Tau [6] and 
Spearman’s rho [10] – are used. Kendall’s Tau 
coefficient is defined as: 
 
                           1
)1(
4
−
−
=
nn
P
τ                                 (5) 
 Where n is the number of items, and P is the sum, over 
all the items, of the number of items ranked after the 
given item by both rankings. Spearman’s rho is given 
as follows. 
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            (6) 
Where n is the number of values in the data set. ix is 
the rank of i item according to the first method. iy is 
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the rank of i item according to the second method. The 
correlation coefficient ranges from -1 to 1. -1 means 
disagreement between two rankings. 1 means that 
agreement between two rankings is perfect. 
    Figure 6 shows the correlation results. Graph in 
figure 6 indicate that HITS is poorly correlated with 
human rankings. The reason for poor performance of 
HITS is that it ranks highly to those users who answer 
lots of questions independent of the quality of answers 
whether is it is wrong or right. 
    The proposed methods have high correlation with 
the human rankings. The local expertise score works 
the best in science category, where the Kendall 
correlation score reaches around 1. But it does not 
work so well in arts and humanity category, where 
Kendall correlation scores are around 0.6. The reason 
for the big differences between two categories is that 
the quality difference of questions and answers in the 
categories. 
  
 
Figure 6. Correlation comparisons. 
 
6. Conclusion and Future Work 
 
    In summary, a new method to evaluate the expertise 
of users is proposed. The method is based on the 
features of Yahoo! Answer network. In Yahoo! 
Answer, the bow tie structure is highly skewed. More 
people like to answer questions rather than ask 
questions. Because of these features in Yahoo! 
Answer, the Expertise score method utilizes the 
information about the number of answers, the number 
of best answers and the ratio between the numbers of 
the best answers to the number of answers to decide 
the expertise of each user. Finally, trend analysis and 
ranking correlation score are used for the evaluation of 
HITS and our proposed method. As a result, the 
proposed method performs much better than HITS. 
    For future work, it is still necessary to make use of 
Natural Language Processing for the better 
performance of deciding the expertise of users. It is 
hard to use our proposed method to decide the quality 
of the questions and answers when there is cheating 
between users.  
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